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Abstract: In order to solve the problem that the traditional field obstacle recognition methods rely on
manual feature extraction, long calculation time, and it’s difficult to achieve real-time recognition in
unstructured field environment, an optimized unstructured field obstacle instance segmentation method
based on Mask R — CNN model was proposed. Firstly, an unstructured field obstacle dataset was
constructed by aerial photography and network search. And then based on the ResNet — 50 residual
network , the spatial attention was introduced to focus on the significant apparent features of the tracking
target, and the influence of useless features such as noise was suppressed. In addition, the deformable
convolution was introduced into the structure of the ResNet —50 to add the offset, increase the receptive
field and improve the robusiness of the model. Comparative analysis was made by adding spatial attention
and deformable convolution to different stages in the structure of ResNet —50. The results showed that
compared with the original Mask R — CNN model, the mAP values of Bbox and Mask in Mask R — CNN
improved by adding spatial attention and deformable convolution in Stage 2, Stage 3 and Stage 5 of the
ResNet —50 were increased from 64. 5% and 56.9% to 71.3% and 62. 3% , respectively. The improved
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Mask R — CNN can well realize field obstacle detection and provide technical support for plant protection

UAV to work safely and efficiently in unstructured field environment.

Key words: obstacle of field; Mask R — CNN; spatial attention; deformable convolution
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Fig. 1 Examples of field obstacle images
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Fig.3 Residual block diagram with added spatial

attention mechanism
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Fig.5 Improved Mask R — CNN model with deformable convolution and spatial attention mechanism
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Tab.1 Performance comparison of different models
Bbox Mask
FF W% mAP/ APy/ AP,/ APy/ AP,/ AP,/ mAP/ APy / AP,/ AP/ APy/ AP/  ZMi *@j{ﬁ
% % % %o % % % % % % % % /e
Mask R — CNN (ResNet—50) 64.5 85.8 77.6 27.8 67.9 76.7 56.9 86.3 63.0 18.9 56.2 73.6 4.377x107 20.3
ResNet — 101 66.4 86.5 78.5 32.9 69.2 78.8 57.5 87.3 63.6 17.9 56.6 74.2 6.276 x107 23.8
ResNet —50 + SA 70.3 91.0 82.7 47.9 72.2 77.5 61.2 92.0 69.0 36.9 59.6 74.5 4.752x107 23.5
ResNet —50 + SA + DCN (2,3) 70.4 92.3 81.9 45.7 73.1 77.7 61.2 92.7 69.3 38.1 60.6 74.3 4.405x107 22.8
ResNet —50 + SA + DCN (2,4) 71.5 92.2 83.5 47.7 74.1 78.7 61.8 92.4 69.7 35.3 60.9 75.2 4.520x107 23.9
ResNet —50 + SA + DCN (2,5) 70.8 91.9 82.9 47.6 73.1 78.0 62.2 92.9 70.9 37.1 61.5 74.9 4.638x107 22.8
ResNet —50 + SA + DCN (3,4) 71.5 91.7 83.1 48.7 73.3 79.1 62.1 92.5 70.1 35.8 61.2 75.0 4.549x107 24.5
ResNet —50 + SA + DCN (3,5) 71.4 92.0 84.0 49.3 73.8 78.5 61.7 92.9 70.6 37.5 60.2 75.2 4.666 x107 22.4
ResNet —50 + SA + DCN (4,5) 71.9 92.2 82.6 49.7 73.9 79.6 62.0 92.4 70.7 37.5 61.1 74.9 4.782x107 23.1
ResNet —50 + SA + DCN (2,3,4) 71.3 91.5 81.7 44.1 73.2 79.3 61.9 92.4 69.9 35.1 61.0 74.6 4.549x107 25.2
ResNet —50 + SA + DCN (2,3,5) 71.3 91.6 82.7 48.7 73.2 79.1 62.3 92.6 71.9 38.5 61.5 74.7 4.666x107 22.9
ResNet —50 + SA + DCN (3,4,5) 71.4 92.4 82.3 49.4 74.4 78.2 61.8 92.7 69.2 36.3 60.8 74.8 4.810x10" 24.7
ResNet—50 + SA + DCN (2,3,4,5) 71.7 92.1 82.5 48.0 74.4 78.9 61.9 92.7 70.0 37.4 61.5 74.3 4.810x107 26.1
PointRend 69.8 92.4 81.6 45.8 72.0 76.4 65.8 92.8 77.3 357 651 79.9 5.576x107 26.1
SOLO 47.0 83.3 48.6 13.0 42.4 64.2 3.610x107 24.2
YOLACT 65.4 91.4 75.5 48.5 64.9 73.9 60.0 88.7 68.5 23.6 60.5 76.3 5.380x107 27.3
x2 FEEERZANEINE AP EXT L
Tab.2 Performance comparison of different models in each category %
Bbox Mask
F T M 4% - N - N -
AN A L A RIAR A AN H#HN m&E A BAR  HLZAF
Mask R — CNN (ResNet —50) 81.0 63.1 64. 6 65.5 72.6 40.1 51.8 67.3 57.6 67.8 69.3 27.5
ResNet — 50 + SA 82.5 66. 1 76.7 69.7 73.4 53.6 56.3 70.9 66.9 70.0 70. 1 33.1
ResNet —50 + SA + DCN (2,3) 82.9 65.3 77. 1 68.9 75.5 52.6 55.9 70.3 66.3 70. 1 72. 1 32.6
ResNet =50 + SA + DCN (2,4) 84.7 68. 4 77. 1 69.3 75.7 53.8 56. 8 72.3 65. 8 70.3 72.0 33.6
ResNet —50 + SA + DCN (2,5) 82.5 67.4 77.5 68.9 75.1 53.2 57.2 73.3 66. 8 69.7 72.5 33.7
ResNet =50 + SA + DCN (3,4) 84.0 66. 8 76. 1 72.6 75.3 54.0 58.0 71.0 66. 6 69.7 73.2 34. 1
ResNet —50 + SA + DCN (3,5) 84.0 69. 8 76. 8 69. 6 75.6 52.6 56.8 72.4 66. 1 70. 4 71.1 33.4
ResNet =50 + SA + DCN (4,5) 85.1 69.0 77. 4 70.2 75.7 54.1 57.6 72.7 67.0 69.9 71.6 33.4
ResNet —50 + SA + DCN (2,3 ,4) 83.8 68.5 76.5 71.2 74.8 53.0 57.6 72.1 66. 4 70.5 71.3 33.9
ResNet =50 + SA + DCN (2,3,5) 83.9 68. 4 76.6 69. 6 75.2 54.0 58.0 72.2 66.7 70. 6 71.6 34.8
ResNet =50 + SA + DCN (3,4,5) 84.9 65.7 77.7 70. 6 75. 4 54.0 57.8 69. 6 66. 5 70.9 72.5 33.3
ResNet —50 + SA + DCN (2,3,4,5) 84.4 67.2 77.6 68.9 77.2 54. 8 57.7 69. 6 66.9 70.9 72.3 34.2
PointRend 82.7 66. 2 74.9 67.7 75.1 52.0 66.7 72.3 70.5 72.2 73.8 39.1
SOLO 44.2 49.1 57.3 54.9 55.1 21.4
YOLACT 79.1 62.2 69.7 65. 4 70. 8 44.9 62.1 69. 4 67.9 67.1 70. 8 22.8
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